The function of fitness (or molecular activity) in the space of all possible sequences is known as the fitness landscape. Evolution is a random walk on the fitness landscape, with a bias toward climbing hills. Mapping the topography of real fitness landscapes is fundamental to understanding evolution, but previous efforts were hampered by the difficulty of obtaining large, quantitative data sets. The accessibility of high-throughput sequencing (HTS) has transformed this study, enabling large-scale enumeration of fitness for many mutants and even complete sequence spaces in some cases. We review the progress of high-throughput studies in mapping molecular fitness landscapes, both in vitro and in vivo, as well as opportunities for future research. Such studies are rapidly growing in number. HTS is expected to have a profound effect on the understanding of real molecular fitness landscapes.
Introduction
Predicting evolution is a key challenge in biological science which not only tests our basic understanding but also has real-world ramifications. For example, prediction of influenza virus evolution (1) is used to select vaccine strains. In principle, evolutionary trajectories could be predicted probabilistically if one knew how any mutation would affect the fitness of the organism or molecule (as well as knowing other parameters, including population size and mutation rate). The function of fitness in sequence space is known as the fitness landscape (2; 3). Evolution can be seen as a random walk (i.e., exploration by mutation) on a fitness landscape with a bias toward hill-climbing (i.e., selection for higher fitness) (4) . Despite the importance of mapping fitness landscapes, the size of sequence space is astronomically large (m N points for an alphabet size m and sequence of length N), which has previously hampered substantial mapping efforts.
While experiments in the laboratory can include a large number of biopolymer sequences (e.g., up to 10 17 molecules for in vitro evolution of RNA), analysis is also limited by sequencing capacity. Therefore, within the last decade, analysis has been transformed by the accessibility of high-throughput sequencing (HTS), as fitness data can now be collected on millions of sequences in parallel. These data form a quantitative framework for addressing classic questions: how does the topography of the fitness landscape constrain evolution? How repeatable are evolutionary outcomes?
What does the topography teach us about the emergence of new structures and functions?
In this review, we highlight progress that has been made to map fitness landscapes empirically using high-throughput techniques, focusing on biomolecules. To give an initial context for these studies, we first introduce simple models of fitness landscapes and their properties. Next, we consider the case study of a classic question, how well selection can optimize fitness on real landscapes, and the impact of HTS on this problem. We then devote our attention to other ways in which HTS has deepened our understanding of molecular fitness landscapes, where fitness approximates functional activity. Finally, we consider organismal fitness landscapes and the importance of the environment, a combination which is daunting in scope but the source of Darwin's "endless forms most beautiful".
Sequence space
Sequence space is discrete, where the number of dimensions N is equal to the number of variable monomer sites in a biopolymer (e.g., with no fixed sites, N is the sequence length), and the number of points in each dimension is the alphabet size m. Fitness is a continuous variable that describes a sequence's evolutionary favorability, and can be defined depending on experimental context. Plotting fitness over sequence space gives the fitness landscape of N+1 dimensions. To gain some intuition, one may draw the space of very small binary sequences, with fitness represented as a heat map ( Figure   1 ). ) becomes intractable in 4 vitro for N>12 at full coverage. For experimental evolution in vivo (e.g., in microbes), a 1 L experiment might contain 10 12 cells, allowing up to ~20 genome sites to be covered in full. In practice, fitness landscapes can be fully mapped for relatively short sequences, while fitness landscapes for organisms and larger molecules must focus on a small number of variable sites or sparsely sample the sequence space.
Although sequence space is exponentially large, it is still a special subset of the larger space of all possible chemicals. Sequence space for a particular polymer type (biological or artificial) can be thought of as a sort of filigree in chemical space, defined by its particular bonding patterns, which is closely apposed to those for similar polymer types (5).
Simple models of fitness landscapes
Experimental investigation of fitness landscapes is difficult due to the complexity of sequence space, so a substantial body of work has involved the development of theoretical models of fitness landscapes. These models can be applied to biological data as a way to represent complex patterns with a small number of parameters.
Although theoretical models for fitness landscapes have been reviewed elsewhere (6; 7), we introduce here two simple and influential models (Mt. Fuji and NK) and related models (Rough Mt. Fuji and House of Cards), to develop some intuition for possible topographies and their possible mechanisms of origin.
The simplest theoretical model is the 'Mt. Fuji' landscape (8), named after Japan's highest mountain because it is a smooth, single-peak landscape. Mt. Fuji landscapes are defined as those in which every point on the sequence space -other than the global optimum -has at least one neighbor sequence (one mutational step away) of higher fitness. The simplest Mt. Fuji model corresponds to a perfectly smooth, monotonic climb along any path toward the center. This topography can be created if the effect of individual mutations are additive (the effect of each site does not depend on the others, i.e., there is no epistasis). The absence of local optima on Mt. Fuji-type landscapes allows good reconstruction of the topography even when incomplete random sampling is performed. Under conditions of strong selection and weak mutation (SSWM (9)), evolution on Mt. Fuji-type landscapes results in the optimal sequence.
Most empirical landscapes exhibit certain epistatic interactions that the Mt. Fuji model cannot emulate. In particular, Mt. Fuji-type landscapes cannot describe reciprocal sign epistasis, in which the presence of one mutation a changes whether another mutation b is beneficial, and vice versa, creating multiple optima (10) .These nonadditive effects disrupt the smoothness of a landscape, creating a need for models with tunable ruggedness. A popular model of this type is the NK landscape (4; 11), in which the system can be solely described by two parameters: the number of sites N, and K, the epistatic degree (the number of other sites influencing the effect of a given site).
When K=0, the NK model gives a Mt. Fuji landscape. As K increases, the ruggedness of the landscape increases and local optima arise, although a global optimum is still present. In its most rugged incarnation, K=N-1, the fitness contribution of a single position is affected by mutations at every other position in the sequence. In this case, the landscape is dominated by high-order epistasis, leading to a completely uncorrelated landscape with an average number of local optima (2 N /(N-1)) that scales roughly exponentially with N ( Figure 2) . A landscape in which the fitnesses of related sequences are totally uncorrelated is also known as the random House of Cards model, because pulling a card (i.e., a mutation) from the house results in its collapse (i.e., complete change of the fitness landscape); the house then needs to be entirely rebuilt, reshuffling the genomic deck (12) . Although interesting as a theoretical limit, the completely uncorrelated landscape probably does not occur in reality. Whether incomplete sampling of sequence space can result in a reasonable representation of the topography depends on the ruggedness of the landscape and the properties to be analyzed.
Two modifications to the NK model can be introduced to increase its realism.
First, since proteins are often modular (e.g., composed of independent domains), the NK model can be adapted to include different degrees of correlation on the landscape (13) . In the block (or domains) model, mutations in one block only affect the contribution of that block to the overall fitness of the protein, and each independent block can have different values of K. Blocks need not correspond to structural domains from the primary sequence but could represent amino acids that interact in the protein's tertiary structure. Since its initial application to the maturation of the immune response (11), the NK model has been used to describe experimental protein and DNA fitness landscapes (16) (17) (18) . Rugged regions in a landscape are described by high values of K, which can be estimated from the data, for example, by calculating the autocorrelation function for different values of K and comparing to the experimental system (17; 18) . It is important to note that, since regions of the fitness landscape that are populated with closely related sequences of low fitness are described by K~0, attempts to fit the NK model to landscapes over wide regions might result in artificially low values of K due to averaging over dissimilar regions of the landscape. Different parameters have also been proposed to measure epistasis in fitness landscapes (e.g. number of peaks, ratio of the roughness over additive fitness, or fraction of sign epistasis). Ferretti et al. recently proposed a new measure more directly related to epistasis, namely the single-step correlation of fitness effects for mutations between neighbor genotypes, which can also be used in landscapes with missing data. A summary of calculations of this measure for different theoretical landscapes can be found in ref. (19) . 
Case study on evolutionary optimization: Neutral vs. frustrated networks
An important property of any fitness landscape is the ease with which evolution can optimize fitness. Whether this is feasible depends on the ruggedness of the landscape, and specifically on whether viable evolutionary pathways (i.e., uphill climbs under SSWM) allow access to the global optimum from distant areas of sequence space.
Early computational work investigating this problem studied whether viable paths could be found connecting unrelated RNA sequences that were predicted to fold into the same secondary structure. These simulations, which took advantage of the high accuracy of RNA secondary structure prediction (22) , required conservation of the fold to define a viable path. These simulations revealed two related insights. First, they predicted that almost all common folds occur within any small region of sequence space (23) . Second, for common folds, the large set of sequences that share a given fold would form an evolutionary network throughout sequence space (24) (25) (26) (27) . The fact that this set is large is important; if the fraction of sequence space that adopts the desired fold is low, then the folded sequences represent isolated regions in the space. However, if the fraction reaches a critical percolation threshold (~1/N), the islands become connected and the landscape as a whole exhibits a neutral network (28) . A neutral network could be conceptualized as a fitness landscape topography that is full of 'holes', emphasizing the fact that high-dimensional sequence space has a non-intuitively vast number of potential connections (29). These computational and theoretical considerations gave rise to the attractive hypothesis that 'neutral networks' might characterize molecular fitness landscapes, allowing evolutionary optimization over large distances.
In contrast to this view of neutral networks, many empirical examples of epistasis are known in local sequence space, and one might expect that the extension of epistasis through the landscape (i.e., widespread ruggedness) would result in frustrated optimization during selection. This phenomenon can be mimicked in the NK model, which can be interpreted as a superposition of p-spin glass models (30) (Figure 2e ). In spin glasses, the Hamiltonian of the system exhibits frustration when no spin configuration can simultaneously satisfy all couplings leading to a state of minimum energy. Since there is no single lowest-energy configuration, the energy landscape contains several metastable states separated by a distribution of energy barriers. The parameter p (number of interacting spin glasses) tunes the ruggedness of the energy landscape, much like K in the NK model. In the limit p → ∞, it becomes impossible to satisfy all spin constraints and the system has an extremely rugged, uncorrelated potential surface, equivalent to Derrida's random energy model (31) , which is an analog of the random House of Cards model. Similarly, in the NK model, as K increases, configurations leading to the highest fitness contribution for certain positions become mutually incompatible, leading to blocked evolutionary paths over which optimization by selection is frustrated.
Ideally, experimental detection of a neutral vs. frustrated network would involve mapping the topography of a complete fitness landscape. However, due to the large size of sequence space for even small folded RNAs and the limits of sequencing throughput at the time, early work related to this question focused on construction of a viable evolutionary pathway between two nucleic acid sequences with different functions (32) (33) (34) . Several examples of protein evolution to produce new or altered function were also known (e.g., ref. (35)). These efforts were surprisingly successful, suggesting that different functions could be nearby in sequence space, i.e., fitness peaks for different functions can overlap.
Nevertheless, investigating evolutionary optimization on a single fitness landscape requires identification of a very large number of functional sequences, and thus substantial progress had to await the advent of high-throughput sequencing. The first complete fitness landscape for short RNA sequences (N=21) revealed very few viable evolutionary paths between different functional families (36) . Although this approach cannot be easily extended to much longer lengths, one attempt to evolve an RNA polymerase ribozyme (N=168) at a high mutation rate did not find a new optimum (37) . Although this careful study was able to relate the results of the selection to the topography of the fitness landscape, it is possible that similar results in other systems are under-reported in the literature. These studies hint that frustration may characterize evolutionary optimization of a particular function for RNA for a relatively fixed landscape.
Given the contrast between these frustrated cases and the apparent ease of evolving certain new functions, it is tempting to speculate that optimization of a single function might have quite different evolutionary properties than evolution of a new function. The application of HTS to alternative NAs is not trivial due to the need for engineered polymerases to accept the template and read it out in a decodable way. Still, these challenges are being overcome by ingenious strategies (56; 65; 66) . Although XNA fitness landscapes are largely unstudied at the moment, it seems inevitable that some may demonstrate different or higher fitness peaks. Whether these changes will lead to new evolutionary properties is currently a fascinating unknown.
Fitness landscapes of organisms: RNA, proteins and genomes
Complete coverage of sequence space for an organismal genome -or even a single gene -is intractable due to the size of sequence space involved. However, local sampling around functional proteins (or random sampling of genomic mutants) still provides a rich source of data about the local landscape of the protein or the organism as a whole. Some examples of ways to represent HTS data are shown in Figure 5 . The study of protein fitness landscapes, which began with mutational analysis (e.g., alanine scanning) and combinatorial studies of selected mutants, has been greatly impacted by HTS. Both m and N are substantially greater for proteins than RNA (e.g., the number of single mutant variants to be tested would be ~6,000 for a typical single domain protein of length ~300, compared to ~150 for a typical ribozyme of length 50).
The jump from Sanger sequencing to HTS has increased the number of mutants that can be analyzed by at least 4 orders of magnitude.
In an HTS technique known as deep mutational scanning (DMS), the activity of a mutant library is linked to organismal (cell or virus) fitness (79) DMS is well-poised to measure local epistasis of a protein, since the fitness effect of many combinations of mutations can be measured. Even so, analysis of epistasis on in vivo protein landscapes is generally limited to a small number of peptide sites, a limited library of amino acid substitutions, or one specific set of evolutionary paths (6). Weinreich et al. compiled a comprehensive review of these studies, showing that in these limited-landscape cases, in vivo protein epistasis tends to be primarily dominated by low-order epistatic effects of only a few loci (87), although higher-order epistasis was notable in some cases. A local fitness landscape for four positions in protein GB1 revealed a very interesting feature -although many direct evolutionary pathways were blocked by reciprocal sign epistasis, these evolutionary dead ends could be avoided by following indirect paths in the sequence space (45) . Limited epistasis and evolutionary detours suggest short neutral pathways; whether these could combine over larger sequence space to form a neutral network is still unknown. However, sequencing technology continues to improve, and may allow study of this question to be taken further in the future.
Although the theoretical models described earlier are highly simplified, one may ask whether empirical fitness landscapes can be fit to them. One 2013 meta-analysis found general trends in ruggedness and epistasis across a number of such studies, with many showing reasonable agreement with patterns expected from a Rough Mt. Fuji model (88). Efforts to connect empirical data to these models are important for gaining an intuitive grasp of the topography of fitness landscapes. It remains an open question whether these models can also describe effects over organismal fitness landscapes of a larger scale, multiple peaks, or covering evolutionary sites on multiple genes.
Environment and the fitness landscape
It is nearly impossible to overstate the importance of the environment in determining the topography of a fitness landscape (Figure 6) . At the microscopic level, molecular fitness depends on the temperature, water activity, pH, phase, cosolutes, and nearly any other environmental variable. These effects modulate both basic properties (e.g., RNA stability (89)) as well as sophisticated functions (e.g., ribozyme activity (90-92)). At the macroscopic level, genetic and environmental effects on traits cannot be simply deconvolved, as the heritability of any trait depends on the environment and genetic background in which it is measured. Even without environmental perturbations, the fitness landscape of a metabolizing organism is a continuously dynamic object, as organisms modify their environment, which changes the fitness landscape. Perhaps the most well-known example of this comes from the multi-decade experimental evolution of E. coli, in which changes to the genetic background ('potentiating' mutations) enabled evolution of the ability to metabolize citrate, (93) . The efforts may also be driven by the potential for biomedical applications, as well: for example, DMS of a kinase involved in antibiotic resistance demonstrates a fitness landscape that varies significantly over changes in both antibiotic concentration and structure (94) . Systematic study of the effect of the environment on the fitness landscape using HTS represents a major goal for this field.
The importance of the environmental context can be seen even in relatively simple molecular fitness landscapes for RNA. While most studies of functional RNA occur in vitro, it is clear that in vivo conditions may differ, sometimes greatly. For example, aptamer-based biosensors evolved in vitro show significantly lower performance in blood than in buffer (95). Crowded and confined conditions can modify the structure and function of nucleic acids and proteins (96) (97) (98) (99) (100) . High levels of molecular crowding have been shown to stabilize mutations in ribozymes (101) , change the binding mechanism of a ligand to a riboswitch (102) , and create a chaperoning effect to assist in aptamer folding (99) . Ribozymes can also modify their environment (e.g., through cooperation (103)), presenting an attractive future target for mapping more complex fitness landscapes.
To study the effect of the environment on organismal landscapes, one common method is to expose the population to a new environment and observe the resulting evolution. In general, organismal fitness drops after environmental changes, but largely recovers through subsequent evolution and delayed adaptation at the genetic level (104; 105) . For example, changes to the fitness landscape of Hsp90 in Saccharomyces cerevisiae were observed in elevated salinity with previously adaptive mutations becoming deleterious in the new environment (106) , and the accessible evolutionary pathways in an esterase were shown to change at different growth temperatures (107) .
Interestingly, variation in hosts may alter the topology of a viral fitness landscape, which may drive virus specialization (108) . However, whether the fitness landscape of a gene varies in different environments seems to depend on the details of the system. In contrast to cellular proteins, where a gene's fitness contribution often does vary with environment, studies of tRNA indicate that mutations influence the gene's fitness contribution by a fixed proportion independent of the environment, for four growth environments tested (109) . Further work in the yeast tRNA system also indicates that epistatic effects between loci can vary significantly for the same gene between different organisms (110) . If a mutation has multiple conflicting effects on fitness (antagonistic pleiotropy), adaptation to a new environment might be limited. Landscape analysis of the yeast genome shows that many gene variants display some degree of antagonistic pleiotropy in specific growth conditions (111) . The "environmental landscape" for a single sequence can also be measured, as was done for a riboswitch in nearly 20,000 different environmental conditions (112) . Measurement of such environmental landscapes in conjunction with fitness landscapes is a challenging but essential goal for which high-throughput techniques are essential.
Outlook
High-throughput sequencing has transformed the study of fitness landscapes, expanding the focus from theoretical models to empirical mapping. Increased sequencing throughput is more than a quantitative extension, as it allows exploration of fundamentally new areas of science, from evolutionary networks to environmental landscapes. To maximize the knowledge return from this exciting growth of data, perhaps two aspects should be kept in mind. First, attention should be paid to building intuition and understanding, such as by analyzing the fit of data to idealized model landscapes. Second, while raw HTS data can be submitted to databases such as the NCBI Sequence Read Archive, a dedicated resource for submitting and viewing fitness landscape data could facilitate meta-analysis, standardization, and contributions from a greater community of researchers. Regardless, HTS-enabled mapping of fitness landscapes brings the tantalizing prospect of predicting evolution still closer to reality. Sign epistasis -Epistasis in which one mutation has the opposite effect on fitness when in the presence of another mutation.
Reciprocal sign epistasis -Sign epistasis in which mutations that are separately advantageous became jointly unfavorable (or vice-versa).
Ruggedness -Property describing an epistatic, uncorrelated fitness landscape of many local peaks and valleys; can be estimated quantitatively in multiple ways.
Neutral mutation -Mutation with little or no effect on fitness.
Neutral network -a network of evolutionary pathways on which fitness changes are negligible.
Frustration -Property describing a system that cannot simultaneously satisfy constraints of maximum favorability for each variable component.
In vitro selection (or evolution)-Laboratory evolution of biomolecules which selects sequences from a pool of variants based on ability to carry out a specific function.
Ribozyme -RNA sequence that catalyzes a specific reaction.
Aptamer -An RNA (or DNA) that binds to a specific ligand. Classic paper setting forth the modern understanding of a fitness landscape.
Riboswitch -

Ref. (45) -Adaptation in protein fitness landscapes is facilitated by indirect paths.
Demonstrates the importance of sampling over broad areas when drawing inferences about the fitness landscape. 
